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ABSTRACT

The challenge of meeting the diverse and specific vocabulary needs of students from different disciplines has been

widely discussed in academic research. This paper explores how undergraduate students in science and engineering

personalized the process of creating word lists for their academic needs. By using two corpus analysis tools—wordlist

and concordance—available through the SketchEngine interface, the students were able to analyze an ad hoc corpus of

texts relevant to their fields. Additionally, they assessed the technicality of words using a technicalness scale specifically

developed for the purpose of this study. The data for the study consisted of the word lists that the students submitted, along

with their notes, and transcriptions of individual student presentations on these word lists. The findings revealed that the

students categorized words based on their technicality, considering both the specific context within their academic corpus

and the broader meanings that these words could hold outside of their disciplines. In particular, students distinguished words

based on their level of specialization and how these terms were understood in other fields. These results underscore the

importance of a discipline-specific approach when teaching vocabulary in science and engineering programs. In conclusion,

we discuss potential methods for teaching vocabulary to science and technology students, emphasizing the importance of

personalized learning and context-based vocabulary development to support academic success.

Keywords: EAP; Concordance; Peer-Discussion; Technicalness Scale; Word Lists

*CORRESPONDINGAUTHOR:

Ruchi Yadav, Department of Humanities and Social Science, Birla Institute of Technology and Science (Pilani), Rajasthan 333031, India;

Email: p20210437@pilani.bits-pilani.ac.in

ARTICLE INFO

Received: 23 December 2024 | Revised: 6 February 2025 | Accepted: 8 February 2025 | Published Online: 26 February 2025

DOI: https://doi.org/10.30564/fls.v7i2.8194

CITATION

Yadav, R., Tewari, S., Vijayakumar, C., 2025. Personalizing the Making of Technical Word Lists for Science and Technology Students: A Pedagogic

Action Research Study. Forum for Linguistic Studies. 7(2): 1151–1015. DOI: https://doi.org/10.30564/fls.v7i2.8194

COPYRIGHT

Copyright © 2025 by the author(s). Published by Bilingual Publishing Group. This is an open access article under the Creative Commons

Attribution-NonCommercial 4.0 International (CC BY-NC 4.0) License (https://creativecommons.org/licenses/by-nc/4.0/).

1151

https://orcid.org/0000-0001-6337-5422
https://orcid.org/0009-0006-0622-1623
https://orcid.org/0000-0002-8820-3755


Forum for Linguistic Studies | Volume 07 | Issue 02 | February 2025

1. Introduction

Research has shown that understanding and using aca-

demic and technical vocabulary determines the quality of

engagement with the disciplinary discourses in higher educa-

tion (HE) [1–3]. Although there is no consensus on the exact

number of words a student is required to learn to be success-

ful in HE, recent estimates highlight the view that a large

number of content words in academic prose are polysemous

and context-dependent and their frequency ‘cut across levels’

and often expressing specialized meanings that are barely

used in everyday communication [4]. Research shows that

these context-sensitive and specialized meanings cause com-

prehension issues for novice students who have to engage

with the disciplinary discourses regularly [5].

Keeping this in view several academic word lists have

been produced to facilitate student learning. For example, a

focus on general academic vocabulary resulted in the publica-

tion of lists such as the Academic Word List (AWL) andAca-

demic Vocabulary List (AVL) [1, 6], and a focus on discipline-

specific academic vocabulary resulted in the production of

discipline-specific vocabulary lists [7, 8]. In terms of serv-

ing the academic vocabulary needs of specific disciplines,

these word lists were highly useful [9, 10]. However, they were

either too general covering a wide range of disciplines or

specific to any one discipline although they were based on

large representative sample of academic texts. That is, as

Hyland and Tse [2] have observed none of these lists consti-

tuted ‘a single restricted lexical repertoire’that an individual

student could rely on. Given the fact that many undergradu-

ate students, in this case science and engineering students,

pursue multi- and cross-disciplinary courses, they need tailor-

made word lists that serve their specific academic vocabulary

needs. Therefore, we have taken up this study to help the

learners to identify the lexical resources they need for their

academic purposes.

Furthermore, teaching a comprehensive list of vocab-

ulary items in technical universities is constrained by the

curricular requirements. At best, we can teach the students

a set of strategies and provide them with the resources to

practice their vocabulary. Keeping this systemic constraint in

mind, we have devised a plan of action around corpus-based

pedagogy [11]. Students were introduced to corpus-analysis

tools along with a technicalness scale developed for the pur-

pose of analysing the words. This paper discusses how a

group of undergraduate engineering students majoring in

a variety of science and engineering disciplines compiled

their own discipline/topic-specific corpora, which contained

texts/readings suggested for study by the professors whose

courses the students have opted for, and analysed the vocab-

ulary using the technicalness scale. The following research

questions were addressed.

2. Research Questions

(1) How pervasive are the AWL words in the corpora put

together by the students?

(2) How did the students classify the words into semi-

technical and technical?

3. Review of Literature

Research on vocabulary in English for Academic Pur-

poses (EAP) has primarily focused on two types of word

lists: (1) general academic word lists and (2) discipline-

specific academic word lists. These lists aim to facilitate

student learning by providing lexical resources tailored to

academic contexts. The Academic Word List (AWL) [6],

the Academic Vocabulary List (AVL) [1], and the Academic

Collocation List [12] were developed to support general aca-

demic vocabulary acquisition. In contrast, domain-specific

lists, such as the Plumbing Word List [7], the Chemistry

Academic Word List [13], and the Nursing Academic Word

List [8], target specialized vocabulary needs. These lists

have been widely used in EAP contexts, as they offer a

structured approach to teaching lexical items that are es-

sential for academic success. However, research has raised

concerns about the applicability and limitations of these

lists. Hyland & Tse [2] argue that no single lexical repertoire

can fully address students’ academic vocabulary needs, as

word lists are often either too general (covering multiple dis-

ciplines) or too restrictive (focusing on a single field). This

issue is particularly relevant for science and engineering

students, who frequently engage in cross-disciplinary work

and require a more flexible, context-sensitive approach to

vocabulary learning [9, 10].
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3.1. Context-Sensitive and Corpus-Based Ap-

proaches

To address these concerns, researchers have explored

corpus-based approaches to vocabulary teaching. Studies

have shown that context-sensitive word lists, developed us-

ing corpus analysis tools, offer a more tailored approach to

EAP vocabulary instruction. For example, register variation

studies have demonstrated significant differences in word

usage across academic genres, such as lectures vs. research

articles or conference proceedings vs. textbooks [14–17].

This shift toward discipline-specific corpora has led

to a growing emphasis on lexical profiling in STEM disci-

plines [18, 19]. Rather than treating vocabulary as a static list,

researchers advocate for a dynamic, student-generated ap-

proach, where learners compile their own discipline-specific

corpora to identify key academic and technical terms relevant

to their studies [20, 21]. This approach aligns with data-driven

learning (DDL) methodologies, which encourage students

to explore word usage patterns through corpus tools such as

SketchEngine and AntConc [22, 23].

3.2. Defining “Technical” and “Sub-Technical”

Vocabulary

A critical challenge in vocabulary research is defining

what constitutes “technical” vs. “academic” vocabulary. Tra-

ditionally, vocabulary classification has relied on frequency-

based methods, where words are categorized into bands (e.g.,

1k, 2k, and 3k levels) based on their occurrence in academic

texts [10, 24, 25].

However, recent studies argue that frequency alone is

insufficient for determining technical vocabulary [26]. Words

may exhibit context-dependent technicality, where common

words take on specialized meanings within specific disci-

plines [27]. For example, in aviation, words such as request,

feet, and grounding carry highly specialized meanings dis-

tinct from their everyday usage [26]. Similarly, in chem-

istry, words like spectrum, crystal, and compound acquire

discipline-specific meanings that differ from general aca-

demic usage [13].

To account for variations in word technicality, re-

searchers have proposed context-sensitive classificationmod-

els. Chung & Nation [28, 29] developed a sense-based rating

scale, categorizing words based on their occurrence within

and beyond a discipline. Their model identifies four levels of

technicality, distinguishing between general academic words,

sub-technical words, and highly technical terms.

More recently, Ha & Hyland [27] refined this approach

by incorporating polysemy, collocation patterns, and register

variation into their classification system. Their Technical-

ity Analysis Model (TAM) assigns words to five categories

based on their semantic distance from general usage. This

model demonstrates that certain words project discipline-

specific meanings while maintaining general academic use

in other contexts. In this study, we build on these frame-

works by developing a Technicalness Scale (Figure 1) that

categorizes vocabulary into three primary groups: General

Academic, Sub-Technical, and Technical. This model pro-

vides students with a structured heuristic for analyzing word

technicality across disciplines.

Figure 1. Model of technicalness scale for identifying the general

academic, sub-technical and technical vocabulary.

As shown in Figure 1, the model classifies words based

on their context-dependence, frequency of occurrence in

specific disciplines, and their role in conveying ideational,

textual, or interpersonal meanings. Unlike previous mod-

els, our scale integrates corpus-based student engagement to

refine word categorization through peer discussion. This ap-

proach allows students to actively determine the technicality

of vocabulary items rather than relying solely on pre-existing

word lists. In the following sections, we discuss how this

scale was implemented in student-led corpus analysis and

peer discussions to enhance vocabulary classification.

3.3. Peer Discussion (PD) and Student-

Generated Word Lists

While most EAP vocabulary studies focus on pre-

compiled word lists, recent research has highlighted the ben-

efits of student-led corpus analysis. Learner autonomy plays

a crucial role in vocabulary acquisition, as students actively

engage with texts to determine the technicality of words
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relevant to their disciplines [4, 30].

Studies have shown that peer discussion enhances the

accuracy of student-generated word lists. When students

collaborate to categorize words as technical or sub-technical,

they develop a critical awareness of lexical variation and

discipline-specific usage [31, 32]. Peer engagement has been

found to:

• Lower affective barriers to learning [33].

• Promote metacognitive awareness of vocabulary selec-

tion [34].

• Encourage disciplinary dialogue, where students justify

their word choices through examples and counterexam-

ples [35].

However, few studies have systematically documented

the process of student-led corpus building in EAP. While

research supports the pedagogical benefits of personalized

vocabulary learning, little is known about how students nego-

tiate technicality classification in real-world contexts. This

study aims to fill this gap by exploring how engineering

students categorize technical and sub-technical vocabulary

through peer discussion and corpus analysis.

4. Methodology

This study employs a pedagogic action research ap-

proach to explore how undergraduate STEM students catego-

rize technical and sub-technical vocabulary through peer

discussion and corpus analysis. The research integrates

student-led corpus building, data-driven learning (DDL)

methodologies, and a modified technicalness scale to en-

hance discipline-specific vocabulary learning. This section

details the participants, data collection methods, corpus com-

pilation, word categorization process, and data analysis pro-

cedures.

4.1. Participants and Context

This study was conducted with 39 undergraduate stu-

dents enrolled in the English Skills for Academics (HSS

F224) course at Birla Institute of Technology and Science

– Pilani. The participants represented diverse STEM disci-

plines, including Computer Science, Biochemistry, Physics,

Mechanical Engineering, Pharmacology, and Applied Eco-

nomics. All students were non-native English speakers with

at least eight years of English education. The course fol-

lowed a blended learning format, with 42 instructional hours,

including five hours dedicated to corpus-based vocabulary

analysis using SketchEngine.

The sample size of 39 students was determined by

the availability of students enrolled in the course. While

larger samples are often preferred for generalizability, ac-

tion research in educational settings frequently operates with

naturally occurring classroom groups [36, 37]. Research in

corpus-driven EAP pedagogy often utilizes small participant

groups due to the intensive nature of data collection and anal-

ysis [38, 39]. Lee and Swales [40] also highlight that rich corpus

data compensates for small sample sizes, as it provides deep

insights into disciplinary language use.

Since vocabulary learning needs vary across disciplines,

each student was required to compile a discipline-specific

corpus and generate word lists relevant to their field of study.

To ensure peer learning and cross-disciplinary engagement,

students worked in pairs or small groups, engaging in struc-

tured peer discussions to classify vocabulary items as general

academic, sub-technical, or technical.

4.2. Corpus Compilation andWord List Gen-

eration

Each student compiled a Corpus of Expert Writing

(CEW) using 20–30 e-texts from research articles, textbook

chapters, review papers, and conference proceedings relevant

to their discipline. The compiled texts were processed using

SketchEngine, a corpus analysis tool that allowed students

to:

(1) Extract word lists based on frequency and range.

(2) Analyze concordance lines to determine word usage in

different contexts.

(3) Identify collocations and phraseological patterns of key

vocabulary items.

After generating raw word lists, students manually

cleaned the data, removing proper nouns, email IDs, sym-

bols, and non-academic words. The resulting 29-word lists

(after removing data from students who withdrew) formed

the basis of the study’s vocabulary classification.

The final Corpus of Expert Writing (CEW) consisted

of 29 discipline-specific sub-corpora, comprising 8,494,046

tokens and 372 headwords from the Academic Word List
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(AWL) [6].

Table 1 presents the distribution of AWL words across

sub-corpora, highlighting disciplinary variations in vocabu-

lary usage.

Table 1. CEW corpus compiled by the students.

Corpus of Expert Writing Count

Number of sub-domains/disciplines 29

Number of tokens 8494046

Number of AWL words 372

4.3. Vocabulary Categorization Using the Tech-

nicalness Scale

As per the task requirements, vocabulary modules had

four major teaching objectives. The first one was to gen-

erate a word list; the second one was to publish academic

and discipline-specific word lists (sub-technical & technical).

The third objective was to engage in a dialogue with their

peers to finalize the technicalness of the identified academic

words. It required the students to discuss and justify to their

peers why certain words were classified under academic or

semi-technical or technical. And the peers’ academic back-

grounds varied considerably from each other. Finally, the

students were asked to make individual presentations on the

word lists produced. The process of producing the academic

and technical vocabulary is given in Figure 2.

Figure 2. Method of making the word lists.

Students categorized words into three primary groups

using the Technicalness Scale (Figure 1, Section 3). The

classification process involved:

1. Identifying General Academic Words – High-frequency

words appearing across multiple disciplines (e.g.,method,

approach, significant).

2. Determining Sub-Technical Words – Context-dependent

words frequently used within a few disciplines but re-

taining some general meanings (e.g., crystal, spectrum,

grounding in Chemistry and Engineering).

3. Classifying Technical Words – Highly specialized vocab-

ulary restricted to specific disciplines (e.g., nanosheet,

electrolyte, homomorphic encryption).

Peer Discussion and Justification of Word Categorization

To increase accuracy and reliability, students partic-

ipated in structured peer discussions to refine their word

classifications. Peer discussions were structured as follows:

• Step 1: Students reviewed each other’s word lists and

provided a rationale for word classifications.

• Step 2: Disagreements were resolved through discussion,

with students using examples, dictionary definitions, and

corpus concordance lines to justify their choices.

• Step 3: Students documented their final classifications,

along with written justifications, which were submitted

as student notes and used as qualitative data in this study.

To ensure reproducibility, students were encouraged to

cross-reference their findings with:

• Dictionaries (Oxford Online, Longman, Wikipedia for

discipline-specific meanings)

• Corpus concordances (COCA, BAWE, SketchEngine

word sketches)

• Discipline-specific textbooks and research articles

The peer discussion process was not audio-recorded

due to ethical considerations but was systematically docu-

mented through student reflections and written justifications.

4.4. Data Analysis Procedures

The study employed a mixed-methods approach, in-

tegrating quantitative corpus analysis with qualitative peer

discussion and student presentation insights.

4.4.1. Quantitative Analysis

• The Academic Word List (AWL) [6] was used as a refer-

ence to compare student-generated word lists.

• R programming was used to analyze word frequency and

distribution, identifying the most pervasive AWLwords

in student corpora.

• A statistical comparison was conducted to examine vari-

ations in sub-technical vs. technical word usage across

disciplines (see Table 2).
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Table 2. CEW corpus compiled by Engineering students.

Category
Number of

Words
Percentage Corpus Size Examples

Blockchain 356 95.7 0.8055M area, range, complex, overall, dynamic, mechanism

Data Science 336 90.32 0.4553M focus, positive, accurate, external, mode

Ethics and Privacy in Big Data 329 88.44 0.4560M cycle, contact, scheme, enhance, transport

Film Art 329 88.44 0.7578M media, brief, insight, chemical, rely

Blockchain 324 87.1 0.4890M discrete, priority, exceed, profession, emphasis

Interest Rate Risk Management 320 86.02 0.4612M aggregate, qualitative, document, trigger, complement

Software Defined Networks 316 84.95 0.8137M react, hypothesis, rigid, proceed, fund

Machine Learning 299 80.38 0.2995M factor, process, section, volume, energy

Robotics 295 79.3 0.3164M normal, role, appropriate, impact, volume

Business Technology 293 78.76 0.2586M issue, technical, input, perspective, strategy

Augmented Reality 290 77.96 0.3464M component, generate, domain, medium, output

Computer Network 288 77.42 0.4833M constant, benefit, crucial, abstract, maintain

Computer Vision 272 73.12 0.2845M construct, prior, task, infrastructure, code

Networks 263 70.7 0.4066M sequence, virtual, distinct, identical, file

Computer Networking 263 70.7 0.3621M precise, valid, duration, principal, aware

Stereochemistry of organic compounds 253 68.01 0.4008M denote, formula, proportion, reverse, widespread

Electric Vehicle 247 66.4 0.2457M function, project, significance, technology, approach

Code Compilers 239 64.25 0.3878M derive, logic, plus, adapt, attribute

Civil Engineering Materials 218 58.6 0.1841M contribute, detect, brief, insight, finite

Additive Manufacturing 212 56.99 0.2658M retain, induce, collapse, schedule, undergo

Biochemical Engineering 210 56.45 0.2192M resolve, adjacent, behalf, preliminary, manual

Economics NCERT 206 55.38 0.1932M constant, final, major, previous, specific

Physics and Astronomy 188 50.54 0.1516M network, version, survey, fundamental, sum

Sodium Ion Battery 149 40.05 0.1548M data, method, project, transfer, comprehensive

Cardiovascular Biology 136 36.56 0.0081M similar, design, specific, theory, achieve

Aerodynamics and Wind Engineering 131 35.22 0.0707M domain, feature, network, parameter, error

Geotechnical Engineering 83 22.31 0.0653M esign, obtain, index, dynamic, institute

Semiconductors 70 18.82 0.0482M transfer, image, parameter, principle, relevant

computational_chemistry 5 1.34 0.0221M layer, compute, denote, implicit, predict

4.4.2. Qualitative Analysis

• Student notes and written justifications from peer dis-

cussions and presentations were coded manually using a

content analysis framework.

• Coding focused on four major themes:

1. Issues and dilemmas in categorizing words

2. Sources and strategies used for classification

3. Justifications for technical vs. sub-technical catego-

rization

4. Observations on disciplinary lexical patterns

• Representative excerpts were analyzed to illustrate com-

mon challenges and strategies in vocabulary classification

(see Excerpts in the Results section).

4.5. Ethical Considerations

This study adhered to ethical research principles in

classroom-based action research. While formal written con-

sent was not obtained, student participation was voluntary,

and their engagement in corpus compilation and vocabulary

classification was part of regular coursework, ensuring no

undue pressure to participate.

To protect participant anonymity and confidentiality:

• No personal identifiers were recorded in the corpus data

or discussion transcripts.

• Data was anonymized and reported in aggregate form.

• Secure storage measures were implemented, restricting

data access to the researcher.

Following best practices in educational action re-

search [41, 42], this study involved minimal risk, as no sen-

sitive personal data was collected.

5. Results

5.1. Pervasiveness of AWLWords

To answer the first research question on the pervasive-

ness of AWL in the CEW corpus, we used two tools: the

AWLby Coxhead [6] and the R program. While theAWL lists

were used as a reference to compare the raw lists generated

by SketchEngine tools, the R Program was used to sort the

words by their frequency and compare them with the AWL
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lists. Table 3 below shows the number of words listed in

different sub-lists of the AWLword list in the corpora built

by the students. R programming sorted the tokens by their

frequency of occurrence across all 29-word lists and filtered

out the AWL words. The selected words should have oc-

curred at least five times in at least ten-word lists. Finally, a

total of 372 headwords out of 570 from the 10 sub-lists of

the AWL were identified.

Table 3. Number of AWL words in each of the 29 sub-corpora in the CEW corpus.

Category
Number of

Words
Percentage Corpus Size Examples

Blockchain 356 95.7 0.8055M area, range, complex, overall, dynamic, mechanism

Data Science 336 90.32 0.4553M focus, positive, accurate, external, mode

Ethics and Privacy in Big Data 329 88.44 0.4560M cycle, contact, scheme, enhance, transport

Film Art 329 88.44 0.7578M media, brief, insight, chemical, rely

Blockchain 324 87.1 0.4890M discrete, priority, exceed, profession, emphasis

Interest Rate Risk Management 320 86.02 0.4612M aggregate, qualitative, document, trigger, complement

Software Defined Networks 316 84.95 0.8137M react, hypothesis, rigid, proceed, fund

Machine Learning 299 80.38 0.2995M factor, process, section, volume, energy

Robotics 295 79.3 0.3164M normal, role, appropriate, impact, volume

Business Technology 293 78.76 0.2586M issue, technical, input, perspective, strategy

Augmented Reality 290 77.96 0.3464M component, generate, domain, medium, output

Computer Network 288 77.42 0.4833M constant, benefit, crucial, abstract, maintain

Computer Vision 272 73.12 0.2845M construct, prior, task, infrastructure, code

Networks 263 70.7 0.4066M sequence, virtual, distinct, identical, file

Computer Networking 263 70.7 0.3621M precise, valid, duration, principal, aware

Stereochemistry of organic compounds 253 68.01 0.4008M denote, formula, proportion, reverse, widespread

Electric Vehicle 247 66.4 0.2457M function, project, significance, technology, approach

Code Compilers 239 64.25 0.3878M derive, logic, plus, adapt, attribute

Civil Engineering Materials 218 58.6 0.1841M contribute, detect, brief, insight, finite

Additive Manufacturing 212 56.99 0.2658M retain, induce, collapse, schedule, undergo

Biochemical Engineering 210 56.45 0.2192M resolve, adjacent, behalf, preliminary, manual

Economics NCERT 206 55.38 0.1932M constant, final, major, previous, specific

Physics and Astronomy 188 50.54 0.1516M network, version, survey, fundamental, sum

Sodium Ion Battery 149 40.05 0.1548M data, method, project, transfer, comprehensive

Cardiovascular Biology 136 36.56 0.0081M similar, design, specific, theory, achieve

Aerodynamics and Wind Engineering 131 35.22 0.0707M domain, feature, network, parameter, error

Geotechnical Engineering 83 22.31 0.0653M esign, obtain, index, dynamic, institute

Semiconductors 70 18.82 0.0482M transfer, image, parameter, principle, relevant

computational_chemistry 5 1.34 0.0221M layer, compute, denote, implicit, predict

As can be seen, some corpora such as the Blockchain

and the Data Science contained a relatively large number

of AWL words. In fact, most of the texts from the sub-

domains of the computer science discipline contained a

fairly large number of AWL words while the corpus of

computational chemistry and semiconductors contained a

relatively smaller number of AWL words. The discipline of

computational chemistry is densely organized around for-

mulas and other forms of numerical data while the corpora

on CS includes a higher proportion of argumentation. Table

4 presents the most frequently occurring words from the

Academic Word List (AWL) across the student-compiled

sub-corpora.

Table 5 shows the sub-technical vocabulary identified

by the students in three different disciplines/themes. While

many words listed under Aerodynamics and Interest-rate

risk management using statistical methods are very technical

(TAM 4 or Step 3) in nature as their specialized senses are

least related to their general senses and outside the purview

of disciplines these meanings occur minimal; however, the

words listed under the Big Data domain seem pervasive and

general due to the popularity of discourses of computer sci-

ence (CS) discipline have gained in other registers such as

newspapers and magazines. Moreover, the specialized mean-

ings projected by words such as privacy, data, protection,

and security are in fact, the most frequent and general senses

of the words. Based on the observation that CS domains

use a large number of general and AWL words (see Table

3), it may be reasonable to argue that the density of very

technical vocabulary in CS is relatively lesser. It is, however,

important to discuss why the students have listed some of

the AWL words under the sub-technical category.
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Table 4. Distribution of the most frequently used AWL words in

the 29 sub-corpora.

Rank Words from AWL Distribution in the Sub-Corpora

1 area 28

2 available 28

3 data 28

4 factor 28

5 function 28

6 method 28

7 physical 28

8 potential 28

9 process 28

10 project 28

11 range 28

12 region 28

13 research 28

14 section 28

15 significant 28

16 similar 28

17 structure 28

18 technology 28

19 volume 28

20 approach 27

Some students used certain strategies in identifying the

sub-technical words. For example, words listed under the

topic Big Data were identified based on their occurrence out-

side CS:According to this student, “the text would lose critical

pieces of information without these words while they may also

appear in other domains in general.” Also, words expressing a

specialized sense in one discipline and having a general mean-

ing were also categorized under the sub-technical. A student

who compiled a corpus of additive manufacturing says:

(1) … for example, the word feedstock is used in many dis-

ciplines and its meaning differs from field to field but

in our area of interest, it means the amount of material

available at any specific point of time during the process

of manufacturing. (Student Notes)

Another student mentioned that one of the conditions

for selecting a word under the technical category was its

potential unuse in other disciplines. For example, the words

listed in Table 6 show the technical words in their respective

corpora. Interestingly, many of the technical words were

nouns projecting discipline specific meanings. However,

it is interesting to note how words like cloud, reidentify,

and privacy-related were listed under the technical category

while words like electrode, profitability, and liquidity were

listed under the sub-technical category. One strategy consis-

tently used to identify the technical words was to verify the

consistency of the literal meaning across the disciplines.

(2) For example, with words like throughput, checksum, and

bandwidth, I felt that they fell more in the sub-technical

territory, whereas Hrishabh felt that they were more

technical since their meaning stayed the same across

all domains. He managed to get his point across and

we ultimately classified them as Technical. (Student

Presentation)

Table 5. Sub-technical words in three different sub-corpora of the CEW corpus.

Ethics and Privacy in Big Data Aerodynamics Interest-Rate Risk Management Using Statistical Methods

data additive hedging

information oscillate volatility

research exchanger bond

technology porous reserve

risk velocity banking

big phase funds

issue pouch duration

privacy dispersibility deposits

security thickness capital

ethic reciprocation liquidity

city solicitation risks

study detonation regression

health kinematic liabilities

model longitudinal correlation

system gradient coefficient

project lifespan swaps

approach simulative maturities

protection electrode investors

concern parasitic profitability

science ventilation differential
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Table 6. Technical words in three sub-corpora of the CEW corpus.

Chemistry: Sodium-Ion Battery Biology Ethics and Privacy in Big Data

acetylene artery Privacy-preserving

sodium-ion doppler Anonymization

electrochemical stenosis Homomorphic

anode hypertension Autoencoder

nanosheet ultrasound K-anonymity

cathode angina Reidentification

redox angiography L-diversity

electrolyte diabetes Denoising

lithium-ion coronary Ciphertext

anionic echocardiography Cloud

galvanostatic tomography Reidentify

sodium hypoxia Homomorphic

electrode cardiology Representativity

lithium infarction Paralinguistics

bismuth arteriolar Privacy-enhanced

coulombic vasculature Interpretability

calcination ischemia Privacy-related

conductivity cardiomyopathy Nosy neighbour (type of attack mechanism)

In determining the technicalness of the individual

words, the students had to discuss their observations and

analysis with their peers. In order to reduce the burden of

analysing a large number of words, we asked the students

to identify at least 50 words for the sub-technical category

and 50 words for the technical category and justify their rea-

sons. In what follows, we analyse the data obtained from the

student notes and oral presentations to understand better the

ways the students categorized the words.

5.2. Development of Sub-Technical and Techni-

cal Word Lists

To address the second question on how the students uti-

lized the technicalness scale and determined the technicality of

the words, we analysed the student notes, which included stu-

dent deliberations on the ways they processed the word lists.

Most of the notes were written in the form of explanatory

introductions broadly containing the following moves [43]:

a) introduce the corpus,

b) present an issue(s) in sorting the words,

c) present the strategies/sources used to address the issue

or explain the procedures of addressing the issue, and

d) provide a commentary/an evaluation.

All the student notes and the transcriptions of pre-

sentations were coded manually for the moves used. The

codes were decided a posteriori based on the functions they

served [44, 45]. Majorly, four codes emerged: issues, strate-

gies, procedures, and comments.

a Issues and dilemmas in categorizing the words

b Sources used in categorizing the words (what & how)

c Strategies used in categorizing the words (what & how)

d Comments on the developed word lists

Figure 3 and Figure 4 demonstrate the process of cod-

ing the student notes and the presentations.

a. Issues and Dilemmas in Categorizing the Words

One of the issues that ignited a discussion among the

peers is the interdisciplinary lexical borrowing, which is com-

mon when two or more disciplines engage in a disciplinary

dialogue (biochemistry: biology-chemistry; robotics: com-

puter science and mechanical engineering). This has caused

a discussion among students, particularly when a word being

used frequently in other allied disciplines did not necessar-

ily project a different specialized meaning. This led to the

dilemma whether such words with high frequency across

disciplines projecting a singular meaning to be categorized

under ‘sub-technical’ or ‘technical’. Some students, how-

ever, marked them under the sub-technical category while

some categorized them under the technical. The following

explains the reasons why such words were classified under

the sub-technical.

(3) … issue that we had to face was to decide amongst the

words which were technical as per the field of Machine

1159



Forum for Linguistic Studies | Volume 07 | Issue 02 | February 2025

Learning but were also used in Probability Theory and

other sub-branches of Mathematics. This was due to the

fact that ML works very closely in relation to probabil-

ity theory and draws most of its concepts from linear

algebra. Thus a lot of seemingly technical words like

‘k-means’ ‘linear regression’ and ‘meta-analysis’ were

recategorized into the Sub-technical Words. (Source:

Student Notes)

Figure 3. Example of move-coding on student notes.

Figure 4. Example of move-coding on student presentations.
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Similarly, some students predicted the potential use of

a word outside their corpus and explained why some words

were in the grey area. For example, a pharmacy major stu-

dent, who was studying courses in biology and chemistry

disciplines, analysed a corpus of biochemistry research ar-

ticles, and explained her preference for listing some words

under the sub-technical category in the following way.

(4) Certain words encountered in this list were in a grey

area between the two categories. The word ‘zeolite’, for

example, refers to a material that is noted for its ability

to facilitate the exchange of ‘ions’ and this means that

it can potentially be used in fields other than biology,

in cases such as materials engineering and chemistry.

(Source: Student Presentation)

However, a computer science student tried to rational-

ize the technicalness scale using her disciplinary knowledge

in the following way.

(5) Technical words like cloud and nosy neighbour have

different meanings in different contexts but take a more

technical meaning in this domain. Anonymity is classi-

fied as an academic word but Anonymization is a tech-

nical term since it describes the data process technique.

For many students, their intuition and prior exposure

to disciplinary texts played a role in deciding the technical-

ness of the word. When they sensed that a word projected a

specialized sense in their discipline, they tried to categorize

it under the technical words. However, they have thoroughly

verified their preferences by consulting various sources.

b. Sources and Strategies Used in Categorizing the Words

Three online reference sources were majorly consulted:

online dictionaries, Wikipedia, concordances from the Cor-

pus of Contemporary American English (COCA) and the

sub-corpora of CEW.

(6) In case of a conflict, the resolution happened either by

giving examples and counterexamples or by using tools

such as COCA/searching the internet for the meaning

and academic use of the terms. For example, the words

like sodium, carbon, ion should be classified as Techni-

cal according to me. Still, in reality, they are classified

as semi-technical words because they are frequently

used, and many people can comprehend their use and

meaning. (Student Notes)

One pair of students majoring in Biology redefined their

criteria after deliberations. On more than one occasion, they

had consulted the Oxford Online Dictionary to specifically

find instances of the word being used in other disciplines.

When they found words projecting specialized meanings in

two different disciplines such as organ, membrane, muscle,

and capillary, they categorized them under the sub-technical

vocabulary because they were ‘also found in texts other than

biology.’ Because the words dobutamine, revascularization,

plasminogen were not found in other disciplines, they iden-

tified them as technical words. Similarly, a student who

was examining the word equilibrium in a dictionary in two

different contexts said the following:

(7) This led to quite interesting discussions between my

friend and myself concerning classifying words to sub-

technical: the word equilibrium is used in economics

when the supply and the demand are equal, but the word

equilibrium in physics is defined as a state in which

opposing forces or influences are balanced. So this is a

sub-technical word. (Student Presentation)

While intuition and prior exposure to vocabulary in

other disciplinary contexts played a role in determining the

technicalness of the words, accessing resources such as on-

line dictionaries, blogs, and Wikipedia strengthened their

assumptions. Some students mentioned that they consulted

dictionary definitions and examples for both contextual usage

and polysemy. Some students used the strategies of search-

ing for meanings beyond their disciplines and examining the

collocations of the search word.

(8) Evaluation of the word categories was done (…) cross-

referencing from Google’s English Dictionary provided

by Oxford Languages. From the discussion with Yash, I

reclassified words like Bootstrap (1. Lit. get into or out

of a circumstance using available resources, 2. A con-

cept in web development), Interpolate, Differential (Lit.

Difference between amount of things), Eigenvalue (Con-

cept used across Physics, Mathematics, and Computer

Science), and many more… (Student Notes)

(9) Conflicts arising are addressed by looking through the

concordances of the word, exploring the internet and

putting forwards suitable examples for the same. (Stu-

dent Notes)

Among other corpus tools, students frequently used
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SketchEngine’s word sketch to examine the collocates and n-

gram tools to study the patterns. Some of their explanations

were based on the patterns the words formed. For example, a

student mentioned that she and her peer looked up the word

area from the sublist 1 of theAWL in her corpus for the most

frequent phraseological patterns. They discovered that the

word area had occurred frequently in a rather transparent

construction ‘in the area of + noun’ (13 hits) in Block Chain

Technology while it occurred only in the construction ‘the

effective detection area’ (5 hits) in theAstronomy corpus. By

comparing the word sketches generated by the SketchEngine

tool they determined the technicalness of certain words. Sim-

ilarly, another student examined the word parallel in two

different corpora and determined its technicality based on its

collocates. Figure 5, taken from a student’s notes, is given

below.

Figure 5. Word sketch output for the word ‘parallel’ in two different sub-corpora of SCWE generated by a student.

In some cases, lexical relations shown by word sketch

analysis were discussed with reference to their prior exposure

to disciplines. The following excerpt from the transcription

of the presentations showed how the lexical relations were

identified in terms of their collocations and thematic rele-

vance.

(10) … tools that help in the process of casting, like spruce,

chills, riser, mould etc., and the ends of different pro-

cesses that happen during the process of casting like

cooling, solidification, melting, and some general sci-

entific words like temperature, pressure, mass, volume

were heavily used in the research papers and in the

casting industry. And finally the types of casting like

there are various types of casting, but these three types

of casting were the most frequent in the research papers

and are also heavily used in the casting industry, like

die-casting, continuous casting, and squeeze casting.

(italicized by the authors)

(Student Presentation)

c. Strategies Used in Categorizing the Words

One of the most frequently used strategies was to draw

on their knowledge of disciplinary courses they were exposed

to justify the technicalness of a word. The focus of peer dis-

cussions, as reported in the notes, was usually about citing

the meanings they were introduced to in other courses. Some

of them examined multiple instances of word use for the

probability of the word being dependent on other words for

its meanings. In some cases, if the word’s meaning remained

consistently the same across the disciplines/ examples, they

considered it highly technical even though the word appeared

outside their discipline. However, for students who have anal-

ysed a corpus with CS and Management related domains,

many words are either academic or sub-technical, as in the

case (11), because they have become part of ‘normal person’s

life.’ For example, if we go by the stepwise classification

of Chung and Nation, the word linear regression would be

a technical word. However, since this term is often used in

reporting research across disciplines, students categorized

it under the sub-technical. Similarly, the mineral zeolite,

bioinformatics, and hyperplane were categorized under the

sub-technical vocabulary category.

(11) The classification of routing, as well as router, are two

terminologies that have sparked considerable debate

between us. The term ’route’ is a broad phrase with

a meaning that extends beyond Networks. However,
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the name ’router,’ which is derived from this word,

is unique to this sector. Because the word router has

become such an integral part of the normal person’s

life, it may be used without further elaboration. As a

result, I chose to categorize router as an academic term.

(Student Notes)

When confronted by a set of words that could cause con-

fusion, students tried to clearly articulate their categorization

boundaries. One such instance is given below.

(12) Segregation into sub-technical was made on the fol-

lowing principles:

• Words must be recognizable as entities from the

particular choice of discipline or have their origins

rooted in that discipline

• The word must provide no exclusive context of a

specific discipline when used in any statement of

other subject areas.

• The word could be minimally identified in general

contexts

Segregation into technical was done on the following

basis:

• Words must be recognizable as entities of a particu-

lar subject domain

• The words must additionally be of very little to no

significance in contexts apart from the particular

discipline. In other words, any use of such words

in linguistic sentences must redirect its underlying

morphology to a specific academic field

(Student Notes)

d. Comments on the Developed Word Lists

Student comments or findings about the technical

words were interesting. Comments included generalizations,

observations about words, and reasons why they categorized

certain words under a category. Some students tried to group

the technical words into categories such as the processes,

names of some of the algorithms that are normally used

for image classification. A student who was working on a

project titled ‘Image classification of remotely sensed data’

explained why he had categorized some of the otherwise

academic words under the technical category.

(13) …five most used words in Image Classification are

classification, remote, sensing, training and class.

Even though they are very commonly used words, they

gain great significance in terms of technicality. So

even though there were many more technical words

like semi-supervised and clustering, still, these hap-

pened to be the most used technical words. (Student

Presentation)

A comment showing the distinction between the sub-

technical and technical words is interesting. According to

this student, sub-technical words are used to ‘make the read-

ers comfortable’ while technical words are used mainly in

research papers “whose main concern is to provide the in-

sights of the respective research done.”

While disagreements over the technicalness of a word

continue to allure students to categorize many words under

the semi-technical category, students seemed to believe in the

view that if a word tended to show some degree of context

specificity in terms of its meaning, they preferred to identify

them as technical words.

6. Discussion

In this study, we aimed to explore how undergraduate

students in ESL science and engineering programs assess

the technicality of words using a technicalness scale, with a

focus on the development of the scale and the role of peer

discussions in vocabulary development. Our findings indi-

cate that personalized learning—where students engage with

vocabulary relevant to their disciplines—can enhance their

awareness of disciplinary-specific terminology and encour-

age deeper exploration of words in context.

The first research question examined the prevalence of

AWLwords in a corpus of student-generated texts. Our anal-

ysis revealed an uneven distribution of AWLwords across

disciplines, challenging the notion of a universal lexical

repertoire, such as the AWL [2]. Certain fields, like semicon-

ductors and computational chemistry, were found to be highly

technical, while other domains, such as Blockchain and Data

Science, featured a higher frequency of AWL words. This

observation suggests that relying solely on general academic

vocabulary as a foundation for a universal academic lexicon

may not be appropriate. Instead, we advocate for a broader
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conception of lexical repertoires that includes not only gen-

eral academic words but also sub-technical and technical

vocabulary [27].

Our second research question focused on how students

processed and categorized vocabulary using the technical-

ness scale. Categorizing words based on their technicality

proved to be a complex task, as students employed various

strategies to determine whether a word fit into the academic,

sub-technical, or technical categories. These strategies in-

cluded examining word context, cross-referencing dictionary

entries, and comparing occurrences across corpora. Word

form also emerged as a key factor in determining technical-

ity, with nouns being more commonly classified as technical

words. Furthermore, disciplinary overlap and the increas-

ingly multi-disciplinary nature of research contributed to

students’ perceptions of technicality, as some words that

appeared discipline-specific were also used outside their re-

spective fields.

The findings of this study underscore the value of

peer discussions in vocabulary development. Through peer

review and collaborative analysis, students brought their dis-

ciplinary knowledge into the process of classifying words,

enriching the form-meaning relationships they identified.

This process not only facilitated their understanding of tech-

nical and academic vocabulary but also contributed to a

more personalized learning experience, as students related

the vocabulary they encountered to their own academic con-

texts.

The implications for English for Academic Purposes

(EAP) teaching are significant. Our study suggests that inte-

grating dictionary-based exercises, discipline-specific writ-

ing tasks, and peer review into the curriculum can help stu-

dents develop a more specialized and restricted lexical reper-

toire, focusing on both general academic words and techni-

cal vocabulary. Moreover, we recommend further research

into how students relate to and acquire technical vocabulary

within their disciplines, with an emphasis on incorporating

academic literacy models that draw on the epistemologies

of disciplinary discourses (Lea, 2004). The role of peer

review in vocabulary study, as evidenced in this study, ap-

pears to be crucial in enhancing students’ understanding of

form-meaning relationships, while simultaneously linking

the vocabulary they study to their academic and disciplinary

experiences.

7. Conclusions

A single lexical repertoire for all the students is only

possible when the students themselves take the initiative to

determine their lexical needs. As EAP teachers, we should

facilitate the process by providing them with necessary tools

(e.g., corpus tools, the technicalness scale) and skills for us-

ing and interpreting them. This study has tried to do the same

and capture the process of analysing the raw word lists. By

handing over the baton of responsibility to the students and

by showing them the way they can use the corpus in their

own learning, we have integrated the DIY corpus research

(Do-It-Yourself) into our EAP course [46–48].
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